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Background:  Reconstruction  of  genome-scale  metabolic  networks  has  resulted  in  models  capable  of  repro-
ducing  experimentally  observed  biomass  yield/growth  rates  and  predicting  the  effect  of  alterations  in
metabolism  for biotechnological  applications.  The  existing  studies  rely  on  modifying  the  metabolic  net-
work  of  an  investigated  organism  by removing  or inserting  reactions  taken  either  from  evolutionary
similar  organisms  or  from  databases  of  biochemical  reactions  (e.g.,  KEGG).  A  potential  disadvantage
of  these  knowledge-driven  approaches  is  that  the  result  is  biased  towards  known  reactions,  as  such
approaches  do not  account  for  the  possibility  of  including  novel  enzymes,  together  with  the  reactions
they  catalyze.
Results:  Here,  we  explore  the  alternative  of increasing  biomass  yield  in three  model  organisms,  namely
Bacillus  subtilis,  Escherichia  coli,  and  Hordeum  vulgare,  by applying  small,  chemically  feasible  network  mod-
iﬁcations.  We  use  the  predicted  and  experimentally  conﬁrmed  growth  rates  of  the  wild-type  networks
as  reference  values  and  determine  the  effect  of  inserting  mass-balanced,  thermodynamically  feasible
reactions  on  predictions  of  growth  rate  by using  ﬂux  balance  analysis.
Conclusions:  While  many  replacements  of  existing  reactions  naturally  lead  to  a decrease  or  complete
loss  of  biomass  production  ability,  in  all three  investigated  organisms  we  ﬁnd  feasible  modiﬁcations
which  facilitate  a  signiﬁcant  increase  in this  biological  function.  We  focus  on modiﬁcations  with  feasible
chemical  properties  and  a signiﬁcant  increase  in biomass  yield.  The  results  demonstrate  that  small  mod-
iﬁcations  are  sufﬁcient  to  substantially  alter biomass  yield  in  the  three  organisms.  The method  can  be
used  to predict  the  effect  of  targeted  modiﬁcations  on  the yield  of  any  set  of  metabolites  (e.g.,  ethanol),
thus  providing  a computational  framework  for synthetic  metabolic  engineering.. Introduction
Current estimates on the completeness of the knowledge of
roteomes suggest that the function of approximately 40–80%
f the proteins expressed in organisms is known (Hanson et al.,
010). Consequently, large fractions of enzymatic pathways remain
ndiscovered, thus rendering the genome-scale metabolic net-
ork reconstructions inherently incomplete (Breitling et al., 2008;
amada and Bork, 2009). Nevertheless, such models include suf-
cient level of detail to computationally predict the growth
f microorganisms under different environmental conditions
Edwards et al., 2001), detect missing reactions (Quek and Nielsen,
008), or discover genetic modiﬁcations resulting in a desired phe-
otype with biotechnological applications (Oliveira et al., 2005;
ohn et al., 2010).
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Metabolic engineering aims at designing or re-programming
the genetic information of an organism for clinical and biotech-
nological applications. The existing approaches for modifying an
organism’s metabolism rely either on knocking out enzyme-coding
genes (Burgard et al., 2003; Alper et al., 2005; Lee et al., 2007)
or introducing genes, together with the corresponding reactions,
from other organisms (Sohn et al., 2010; Bar-Even et al., 2010;
Wang et al., 2011). The advantage of relying on the entire set of
known biochemical reactions lies in the potential to use them
in various experimental applications, since the introduced reac-
tions are known to be chemically feasible. However, given the
large fraction of unknown chemical reactions in biological systems
and the immense space of macromolecules potentially catalyzing
chemical reactions (Dobson, 2004), the most promising targets for
metabolic engineering may  not be found among the already known
and characterized enzymes. Instead, targets could be identiﬁed by
systematic screening for chemically feasible, but so-far uncharac-
Open access under CC BY-NC-ND license.terized reactions.
Here we present an approach for systematic generation of novel
reactions and evaluate its ability to modulate, and, in particular,
increase, biomass yield. The introduced reactions are chemically
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easible, as they satisfy mass conservation and thermodynamic
onstraints under standard conditions, and make use only of the
ompounds already present in the analyzed network. We  inves-
igate the metabolic networks of three model organisms, namely
acillus subtilis (Oh et al., 2007), Escherichia coli (Feist et al.,
007), and seeds of Hordeum vulgare (Grafahrend-Belau et al.,
009), for which growth was predicted in silico and experimentally
alidated. All considered organisms have several important agri-
ultural or biotechnological applications: B. subtilis is used for food
nd enzyme production and has been genetically engineered for
roducing riboﬂavin and polyhydroxyalkanoates (Schallmey et al.,
004; Perkins et al., 1999; Wang et al., 2006); E. coli has a long his-
ory of biotechnological applications, such as: production of insulin,
ycopene, and succinic acid (Goeddel et al., 1979; Alper et al., 2005;
ee et al., 2005), and is currently explored for its use in producing
olymers and biofuels (Atsumi et al., 2008; Bond-Watts et al., 2011;
im et al., 2011); H. vulgare has been genetically engineered for
nhanced breeding properties, protein synthesis, food and cellulose
roduction (Horvath et al., 2000, 2001; von Wettstein et al., 2000;
atel et al., 2000). We  point out that our approach is not restricted to
ptimizing biomass yield, and thus allows for the detection of reac-
ions which, when introduced into the respective network, improve
ny metabolic objective of interest.
. Methods
.1. Generating Chemically Feasible Reactions
We  apply minimal modiﬁcations and combinations thereof to the wild-type net-
orks using two  parallel strategies: (1) inserting one new reaction at a time into the
etwork, termed minimal insertion, and (2) replacing one reaction at a time by a new
eaction, referred to as minimal replacement. The ﬁrst case mimics an evolutionary
vent, such as the duplication of an enzyme-coding gene, followed by its neofunc-
ionalization. The second case models the replacement of an enzyme-coding gene
ither through gene duplication, followed by a loss-of-function of the original gene,
r  through transformation of a gene using biotechnological methods. To modify the
etworks by using realistic chemical reactions, we  ﬁrst extend the recent method
or  mass-balanced randomization of metabolic networks (Basler et al., 2011). In its
riginal formulation, the method generates a new reaction by replacing the sub-
trates and products of a present reaction by compounds included in the network,
hile preserving the mass-balance equation. The latter ensures that the number of
ubstrate atoms equals the number of product atoms:
e∈Er
se,r · me =
∑
p∈Pr
sp,r · mp, (1)
here Er is the set of substrates and Pr the set of products of r, me , mp are the
ectors of sum formulas of e and p, respectively, and se,r , sp,r their stoichiometric
oefﬁcients. As an example for replacing an individual substrate, consider the aldose
-epimerase reaction in E. coli: -d-galactose → d-galactose, with m-d-galactose =
d-galactose = C6H12O6. Then, given that glyceraldehyde with mglyceraldehyde = C3H6O3
articipates in the network, the method can generate the mass-balanced reaction 2
lyceraldehyde → d-galactose, which satisﬁes Eq. (1) since 2 C3H6O3 = C6H12O6. In
ddition to substituting individual substrates or products, the method also allows
ore complex substitutions involving pairs of substrates or products, yielding a
arge number of possible substitutions.
The motivation for generating new chemical reactions from those already
ncluded in metabolic models is twofold: ﬁrst, the modiﬁcation is minimal in the
ense that only the substrates or products of one reaction in the network are mod-
ﬁed. Thus, the generated reactions are similar to an existing one. Compared to
enerating entirely new reactions from scratch, the results of this method are more
ikely to be obtained by an evolutionary event, such as functional divergence of an
nzyme, or to be synthesizable by chemical modiﬁcations. Second, it is computation-
lly inefﬁcient to generate all possible mass-balanced reactions, so that one would
ave to restrict the approach by additional constraints or sampling.
While the presence of the substituted compounds in the network and the
equirement of mass-balance ensure that the reaction can in principal take place, it
ay  still be thermodynamically infeasible. Unfortunately, the current genome-scale
etabolic networks do not contain information about the physiological conditions
nder which individual reactions may  occur. However, under the assumption of
tandard conditions (pH = 7, T = 298.15 K), the thermodynamic feasibility of a reac-
ion can still be estimated from the chemical structure of the involved molecules
sing the group contribution method (Mavrovouniotis, 1991; Tanaka et al., 2003;
enry et al., 2006). The estimated standard Gibbs free energy change of a reaction,109 (2012) 186– 191 187
rG0est , can be calculated from the corresponding estimates of the Gibbs free energy
of  formation of its substrates, f G0est(e), and products, f G
0
est(p), as follows:
rG
0
est =
∑
p∈Pr
sp,r · f G0est(p) −
∑
e∈Er
se,r · f G0est(e). (2)
Thus, the thermodynamic feasibility of a reaction can be estimated solely from
the  stoichiometry and the chemical structure of its substrates and products. We
obtained f G0est for all compounds in KEGG (Vassily Hatzimanikatis, personal com-
munication) and mapped them to the compounds of the three analyzed metabolic
networks. This further facilitated the prediction of the thermodynamic feasibility
for  the newly generated reactions.
Given the lack of information on physiological conditions for the reactions of a
network, we consider a generated reaction infeasible if its Gibbs free energy change,
rG0est , is larger than the energy change of any other reaction in the network. In
this  case, it is unlikely that the organism is able to provide sufﬁcient energy for its
activation, and we discard it in the further analysis.
2.2. Calculating Biomass Yield
Flux balance analysis (FBA) (Varma and Palsson, 1994) provides a widely-used
approach to predict the effect of pathway modiﬁcations. Due to its linear program-
ming formulation, FBA can be used to calculate a steady-state ﬂux distribution which
optimizes a given objective function. In order to apply FBA, one needs to specify the
stoichiometric matrix, S, containing the stoichiometric coefﬁcients si,j of compound
i  in reaction j as well as the stoichiometry of import and export reactions. Under the
assumption that the network operates at steady state, one can then calculate the
optimal ﬂux distribution by solving the linear program:
max vb
s.t. S · v = 0
where v is the vector of reaction ﬂuxes, and vb the entry in v corresponding to the
metabolic objective function. In order to predict the growth rate of an organism, vb
is chosen such that the b-th column in S describes the consumption of biomass pre-
cursors. The problem is further constrained by specifying upper and lower bounds
for  the ﬂux values vi of all reactions:
vmin ≤ vi ≤ vmax.
By choosing the bounds vminand vmax of import reactions according to experimen-
tally  observed uptake rates of a cell, it is possible to simulate a speciﬁc environmental
condition. Here, in order to predict the maximum possible growth rate of an analyzed
organism, we simulate environmental conditions which result in the largest exper-
imentally observed growth rates: for B. subtilis, we limit the import of glucose to
6.2  mmol  g−1 cell h−1 and restrict the ﬂux through the caa3 oxidase reaction to zero,
reﬂecting experimental observations (Oh et al., 2007). For E. coli we set the glucose
uptake rate to 8, the O2 uptake rate to 18.5, and limit the uptake of all other nutri-
ents to 20 mmol  g−1 dry weight h−1 (Feist et al., 2007). For H. vulgare seeds, we limit
the oxygen uptake to 8.9769 and the sucrose uptake to 8 mol  g−1 dry weight h−1,
facilitating maximal biomass production (Grafahrend-Belau et al., 2009). By apply-
ing  FBA to the metabolic networks with experimentally validated nutrient uptake
and growth rates, we  can now calculate the growth rates of the wild-type networks
and their modiﬁed variants.
2.3. Screening for Feasible Synthetic Reactions
First, we calculate the optimal biomass yield for the metabolic network of each
analyzed organism to reproduce the experimental results and obtain a reference
value of the wild-type networks. For each wild-type network, we then generate
all possible networks obtained by applying minimal perturbations. To this end, all
substitutions of individual substrates or products and pairs thereof for each reaction
are considered (see Basler et al., 2011). Perturbations leading to thermodynamically
infeasible reactions are neglected, as described in Section 2.1,  amounting to 57,
1469, and 0 such perturbations in B. subtilis, E. coli, and H. vulgare, respectively.
The total number of remaining perturbations, and thus the number of minimally
modiﬁed networks is 20,768 for B. subtilis, 23,898 for E. coli, and 722 for the smaller
network of H. vulgare seeds. The relatively small number of perturbations involving
thermodynamically infeasible reactions is a direct consequence of the ability of the
extended randomization method to preserve a similar distribution of Gibbs free
energy changes of reactions (Basler et al., 2012).
The presented approach can easily be extended by combining two or more min-
imal substitutions. This could, in principle, allow for an even higher increase in
biomass production than a single minimal substitution alone. However, depending
on  the network size, evaluation of all possible combinations of two or more minimal
substitutions becomes computationally demanding. For instance, we obtain more
than  108 modiﬁcations involving two substitutions for the genome-scale networks
of  B. subtilis and E. coli. As a result, we resort to random sampling of two, three,
or  four minimal substitutions, which are inserted into the original metabolic net-
works. These modiﬁcations are referred to as two-, three-,  and four-fold insertion,
respectively.
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Table 1
Feasible replacements of reactions leading to the highest increase in biomass yield. (a) Malic enzyme reaction in B. subtilis (EC 1.1.1.40), (b) fumarate hydratase reaction in
E.  coli (EC 4.2.1.2) and (c) glutamate dehydrogenase reaction in H. vulgare (EC 1.4.1.2). In B. subtilis, 89 other modiﬁcations give the same biomass yield, and in H. vulgare one
more.  All minimal replacements are found in Supplementary File 1.
Minimal replacement Biomass yield
(a) Original: l-Malate + NADP → pyruvate + CO2 + NADPH
Modiﬁed: 2 l-Malate + 2 NADP → d-malate + oxaloacetate + 2 NADPH 157.7%
(b)  Original: Fumarate + H2O ↔ l-malate
rate + bicarbonate ↔ 2 l-malate 151.3%
 NAD ↔ 2-oxoglutarate + NH3 + NADH
 NAD ↔ glycine + pyruvate + NADH 101.9%
b
t
3
i
o
F
o
i
m
o
b
o
s
n
f
a
s
i
m
o
o
1
t
r
m
w
y
t
(
r
b
i
c
(
p
w
l
c
t
t
N
b
v
y
I
Table 2
Two feasible synthetic reactions, generated from the (a) aspartate transaminase (EC
2.6.1.1) and (b) carbonate dehydratase (EC 4.2.1.1) reactions in E. coli, each resulting
in  a 225.4% increase in biomass yield when inserted into the network. All minimal
insertions are found in Supplementary File 2.
Minimal insertion Biomass yield
(a) N-succinyl-l-glutamate + O2↔
l-glutamate + oxaloacetate
225.4%Modiﬁed: Methylisocit
(c)  Original: Glutamate +
Modiﬁed: Glutamate +
For each modiﬁed network, we calculate the biomass yield by using identical ﬂux
ounds and biomass reaction of the corresponding original network, and compare
he obtained values to the original biomass yield.
. Results and Discussion
First, we determine the distribution of biomass yield in the min-
mally modiﬁed networks relative to the wild-type network, where
ne reaction was replaced by a new one (minimal replacement,
ig. 1). We  ﬁnd that most of the modiﬁcations do not affect the
ptimal biomass yield of the three analyzed organisms, indicat-
ng that only few reactions contribute to optimal growth. This is
ost pronounced in the genome-scale metabolic networks, where
nly 12.9% (B. subtilis) and 10.4% (E. coli) of the modiﬁcations affect
iomass yield, suggesting that most reactions may  be needed for
ther objectives, such as response to environmental changes or
tress. In contrast, the smaller and more specialized, organ-speciﬁc
etwork of H. vulgare seed requires a larger fraction of the reactions
or producing biomass, as it is affected by 31.3% of the modiﬁcations.
Similarly, in B. subtilis and E. coli, 8–9% of modiﬁcations result in
 complete loss of the capacity to produce biomass, which corre-
ponds to a non-viable phenotype. In H. vulgare, this ratio is 24.2%,
ndicating that this metabolic network is highly sensitive to small
odiﬁcations.
While several modiﬁcations lead to a decrease or total loss
f biomass yield (B. subtilis:  11%, E. coli: 9.2%, H. vulgare: 29.6%),
nly few modiﬁcations allow a signiﬁcant increase (B. subtilis:
.9%, E. coli: 1.2%, H. vulgare: 0.3%). This suggests that the wild-
ype networks are strongly optimized, though not optimal, with
espect to biomass yield. Interestingly, the highest level of opti-
ization is observed in the organ-speciﬁc network of H. vulgare,
here only two modiﬁcations allow for an increase in biomass
ield by more than 1%. Table 1 shows feasible replacements of reac-
ions with the highest increase in biomass yield for each organism
Supplementary File 1 contains all minimal replacements and their
espective biomass yield).
To illustrate the underlying mechanism leading to increased
iomass yield, we show how a modiﬁcation of the alanine transam-
nase reaction (EC 2.6.1.2) affects the metabolite ﬂuxes of the TCA
ycle and leads to a 7.2% increase in biomass yield in B. subtilis
Fig. 2). Instead of using pyruvate and glutamate as substrates for
roducing l-alanine, a direct biomass precursor, the modiﬁed net-
ork is able to use acetoacetate and aspartate in order to produce
-alanine more efﬁciently.
As an alternative strategy, we analyze how biomass yield
hanges upon inserting a single reaction at a time in the network. By
his strategy, referred to as minimal insertion, both the original reac-
ion and its modiﬁed variant are included in the perturbed network.
aturally, when adding a reaction, biomass yield may  only increase,
ut never decrease. Interestingly, we ﬁnd that, in B. subtilis and H.
ulgare, none of the minimal insertions allow for a higher biomass
ield compared to the previously analyzed minimal replacements.
n contrast, in E. coli, we ﬁnd two reactions which lead to a further(b) Formaldehyde + O2↔
bicarbonate + H
225.4%
increase of 225.4% in biomass yield (Table 2 and Supplementary
File 2).
The results of two-, three-, and four-fold insertion are shown in
Table 3. Interestingly, for B. subtilis and E. coli, no additional increase
was  observed even when up to four reactions were inserted into the
network. Only for H. vulgare the increase in biomass production
could further be improved from 101.9% to 111.6% of the reference
value. Consequently, extending the search space does not signiﬁ-
cantly improve the results.
Most of the identiﬁed synthetic reactions are not present in
KEGG nor Brenda, but may  well occur in a poorly characterized
organism, as they are biochemically feasible. In addition, the corre-
sponding enzymes could be artiﬁcially synthesized and introduced
into the organism in order to experimentally validate the predicted
growth effect. We  point out that the identiﬁed reactions could not
have been found using a standard knowledge-based approach.
We illustrate one possible extension of our approach by chang-
ing the objective of the optimization problem from maximizing
biomass yield to producing ethanol. For each of the perturbed net-
works, obtained by minimal insertions, the biomass yield is ﬁxed
to the optimal value of the original network, and, subsequently,
the newly added export of ethanol is maximized. The values for
optimal ethanol yield turn out to be highly correlated to those of
biomass yield in the perturbed networks, as indicated by the corre-
lation coefﬁcients of 0.97 for B. subtilis,  0.80 for E. coli,  and 0.90 for
H. vulgare. Consequently, the highest increase in ethanol produc-
tion is mostly achieved by the same perturbations which also give
the highest increase in biomass yield. This suggests that the same
modiﬁcations which are found to improve biomass yield could also
be used for the improved production of other target metabolites of
biotechnological interest.
In addition, we applied ﬂux variability analysis (FVA)
(Mahadevan and Schilling, 2003) to analyze whether it is possible
to predict which reactions are more likely to result in signiﬁcantly
increased biomass yield when substituted. For every reaction, the
minimal and maximal ﬂux values are calculated while ﬁxing the
biomass production to the optimal value of the original network.
The difference between the maximal and the minimal value is
called the variability of that reaction. If a reaction does not con-
tribute at all to the biomass production its variability is just the
difference between its lower and upper bound, i.e.,  vmax − vmin.
Furthermore, for each reaction we  deﬁne its possible increase
in biomass production as the maximal increase over all of its
G. Basler et al. / BioSystems 109 (2012) 186– 191 189
Fig. 1. Distribution of relative changes in biomass yield. Distributions of the relative change in biomass yield after modifying the wild-type networks of (a) B. subtilis,  (b) E. coli,
and  (c) H. vulgare seeds. The relative change is shown as percentage of the biomass yield compared to the original network. Values are binned in 1% intervals. In each organism,
most  of the modiﬁcations do not affect biomass yield (100%), several lead to a complete loss (0%), and some to a signiﬁcant decrease or increase. The main panels are zoomed
on  the y-axis for clarity; the inlays show the full frequency ranges.
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Oxaloacetate Citrate
Isocitrate
2-Oxoglutarate
Succinyl-Co ASuccinate
Malate
Acetyl-CoA
Fumarate
Alanine
Glutamate
Pyruvate
Aspartate
Acetoacetate
Biomass
Original and perturbed
Original flux
Perturbed flux
Original reaction
Perturbed reaction
Fig. 2. Modiﬁcation of the TCA cycle. Illustration of a replacement in the TCA cycle leading to a 7.2% increase in biomass yield in B. subtilis. The original reaction, alanine
transaminase (EC 2.6.1.1) with equation pyruvate + glutamate ↔ 2-oxoglutarate + l-alanine (dashed blue), is replaced by the synthetic reaction acetoacetate + aspartate ↔
2-oxoglutarate + l-alanine (dashed red), which is mass-balanced and thermodynamically feasible with rG0est = −2.46. Calculated ﬂuxes in the original network are shown
as  blue arrows, ﬂuxes in the modiﬁed network as red arrows. Black arrows indicate a ﬂux in both networks.
Table  3
Highest biomass yields of all minimal replacements, minimal insertions, and two-, three-, and four-fold insertions. In H. vulgare, all 257,288 pairwise combinations of minimal
insertions were considered, while the other combinations were sampled randomly due to computational complexity. The number of perturbed networks is denoted by no.,
while  max. yield gives the maximal value of biomass production for these networks compared to the original networks. Only in H. vulgare the twofold insertions further
increase  the highest value for biomass yield over the minimal perturbations.
B. subtilis E. coli H. vulgare
No. Max. yield No. Max. yield No. Max. yield
Minimal replacement 20,768 157.7% 23,898 151.3% 722 101.9%
Minimal insertion 20,768 157.7% 23,898 225.4% 722 101.9%
Twofold insertion 50,000 157.7% 20,000 225.4% 257,288 111.6%
Threefold insertion 50,000 157.7% 20,000 225.4% 20,000 111.6%
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ubstitutions. In the case of B. subtilis,  31% of all reactions allow
or an increase in biomass. This proportion increases to 71.5% if the
eactions with variability of vmax − vmin are excluded. Similar ﬁnd-
ngs are obtained for H. vulgare, where the values range between
9% and 51%, and E. coli, from 28% to 70%. This suggests that FVA
ay  be used to identify reactions whose substitutions are good
andidates for increased biomass production. However, the mutual
nformation between the variability and the increase of a reaction
s very low, with values of 0.17, 0.13, and 0.002 for B. subtilis,  H. vul-
are, and E. coli, respectively, which clearly indicates that predictive
ower of FVA is limited.
. ConclusionsWe have presented a new approach for systematic detection of
ovel feasible reactions which alter a metabolic objective of inter-
st, as exempliﬁed by biomass and ethanol production. We  found
hat the three analyzed metabolic networks are strongly optimized,,000 225.4% 20,000 111.6%
particularly the more specialized network of H. vulgare seeds. Nev-
ertheless, we identiﬁed several feasible modiﬁcations to each of the
networks which are predicted to further increase biomass yield.
Using ethanol production as a further objective function, we  illus-
trate that the same approach can be directly applied to generate
reactions facilitating the improved production of valuable com-
pounds. By using more complex objective functions the approach
may  also be applied to detect chemical reactions which, in addition
to improving the production of desired compounds, suppress the
production of toxic compounds.
As all considered synthetic reactions satisfy basic mass conser-
vation and thermodynamic constraints, they may  be potentially
catalyzed by suitable enzymes. Strategies for their design and syn-
thesis may  be developed in three ways: (1) targeted search for a
gene encoding the enzyme in a less characterized organism; (2)
discovery of the enzyme in the environment; (3) targeted synthe-
sis of the enzyme using methods of chemical engineering (Qi et al.,
2001).
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We  further point out that, in order to obtain the predicted effect
f introducing a reaction in the network, one does not necessarily
eed to speciﬁcally catalyze the predicted reaction. In fact, concate-
ated reactions having the same net consumption and production
s the identiﬁed reaction will have the same effect, thus broadening
he possibilities for applying the method.
Another possible application is the automated curation of
etabolic networks. If an analyzed network is not capable of repro-
ucing the experimental observations, it is likely to be incomplete.
he generation of novel reactions which allow a model to better
t experimental data may  then give hints to which important reac-
ions are missing. Therefore, we believe that the approach provides
 valuable tool for reconstruction of metabolic networks and their
se in metabolic engineering or drug development.
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